Abstract We analyzed the influence of age, apolipoprotein E (ApoE) genotype, and their interaction on the variation of each of all possible pairwise correlations among plasma levels of ApoE, ApoB, total cholesterol, triglyceride, and HDL cholesterol. Our cross-sectional study sample included 1,876 individuals (979 females and 897 males) from the Rochester, MN population, unselected for health, with a common ApoE genotype of ε 32 , ε 33 , or ε 43 , and ranging in age from 5 to 90 years. We conducted analyses on data from female and male subjects separately, using a hierarchical set of generalized additive models. The age changes in the correlations were estimated using a 30-year sliding window across the age range. There were qualitative differences between genders in the age at which the peaks in the correlations occurred. For female subjects, peaks in correlations were mostly in the middle and older age windows, whereas in males, peaks were mostly in the younger and middle age windows. We found for both genders that for each of the possible pairwise correlations, the influence of age was significantly dependent on ApoE genotype (all Pr<0.0001). We also found for female and male subjects that the ε 32 -and ε 43 -specific age changes in the correlations were each significantly different from those for the ε 33 genotype (Pr<0.0001), with two exceptions for males (marginally significant differences, P<0.08). We conclude that the influence of ApoE genotypic variation extends far beyond the levels of the gene product, to the dynamics of the relational order among measures of lipid metabolism with age. Moreover, age and common ApoE genotype are not independent predictors of the gender-specific changes in relational order that we observed among these measures of lipid metabolism. These results have implications for the development and application of therapeutic approaches to treat human disease and our enhanced understanding of the role of genetic variation in the dynamic actions of complex adaptive systems with age that occur in response to environmental change. These dynamic actions emerge as the phenotypes that are measures of human health in the population at large.
Introduction
Genetics, molecular biology and biochemistry are revealing an unrivaled degree of intricate internal biological detail that is best described as complex. Genes are central to most research programs to simplify this biological complexity. Current research on human diseases focuses on characterizing those genetic variations that predict risk of disease and those that may reveal potential avenues of therapy. Most of these efforts assume a mechanical, reductionist paradigm for modeling causation (Rosen 1991; Salthe 1993) , and that genetic variation is the root, transeunt cause (Emmet 1992) of deviations of individuals from health. The central genetic dogma of the 20th century assumed that genetic variations result in variations in gene products which, in turn, are functionally responsible for interindividual variations in health.
More than 98% of the human disease burden is represented by the diseases that have a complex, multi-factorial etiology and cannot be explained by independent variations in single genes (McKeown 1979; Strohman 1993) . These diseases illustrate that variations in DNA sequences, by themselves, cannot be considered to be direct causes (Goodwin 1994a; Lewontin 1992a; Rose 1997) . Protein production is a non-linear, dynamic process that requires the multi-way feedback interactions of DNA, proteins and cellular organelles influenced by the context of the cell and tissue type, the organ system (Cohen and Rice 1996) , and the external environmental factors defined by the individual (Holdredge 1996; Levins and Lewontin 1985; Lewontin 1996; Maturana and Varela 1980; Maturana and Varela 1992; Zerba and Sing 1993) . Causation is a consequence of the non-linear, dynamic interactions between genes, proteins, cellular organelles, cells, tissues, and organ systems as well as of the interactions between each of these classes of agents. Both sets of interactions are also influenced by the exposures to external environments specific to the individual that are indexed by time and ecological space.
This alternative view of reality assumes that the individual is the fundamental unit of organization of interacting agents from which health emerges as a dynamic property during the life cycle. The individual is thus the immanent cause and effect of itself through its actions (Emmet 1992; Goodwin 1994b; Levins and Lewontin 1985; Lewontin 1996) in the context of its ontogenetic history. The genome encompasses only one of many classes of agents involved in the functioning of the complex adaptive system (Gell-Mann 1994; Salthe 1993; Sing et al. 1996; Sing and Reilly 1993) represented by the individual. These agents participate in an autopoietic, self-organizing, dissipative, and cognitive network represented by the dynamic pattern of the set of relationships among metabolic processes that produce many of the agents (Capra 1996; Maturana and Varela 1980; Maturana and Varela 1992; Yates 1993 ). The network is organized hierarchically and heterarchically (Yates 1993) into fields of agents defined by domains of relational order in which the state of any agent at a particular time is a defined function of the states of neighboring agents (Goodwin 1994b ). An example of a field in human physiology is lipid metabolism, which defines a domain of relational order within and among the genes, gene products, dietary and stored lipids, organs and tissues involved in lipid metabolism. The network is organizationally closed, to define and maintain coherence of the individual, but thermodynamically open to the flow of energy needed to sustain the metabolic needs of the individual through time (Capra 1996) .
Variations in genes involved in lipid metabolism may contribute to interindividual variation in the interactions within and among the fields of agents that are involved in determining health. Molecular composition in general, however, provides no information about the principles by which the emergent dynamic processes of life are organized during ontogeny (Goodwin 1989) . The unique genome type and other inherited particulars at the time of conception are limited to providing the initial conditions for the complex adaptive system that is each individual (Zerba and Sing 1993) and his/her context-dependent autopoietic capacities (Goodwin 1994a) . This multitude of contextdependent possibilities for each individual is often defined as the norm of reaction (Lewontin 1992b) .
Traditional views of health have considered physiological processes as being inherently stable (homeostatic) and predictable, such as heart rate (Goldberger 1992) . This view suggests that disease results from a loss of inherent stability. Life processes, however, are inherently changing and precise predictability of states of biological systems in time is impossible (Prigogine 1989; Prigogine and Stengers 1984) . Recognition of these two biological facts has led to the alternative view that healthy physiological systems are inherently homeodynamic to maintain coherence of a functioning system, but richly patterned in time so that individuals can adaptively function in inherently unstable and unpredictable environments (Glass and Mackey 1988; Goodwin 1997; Kauffman 1993; Yates 1993) .
Recognition that the causes of health cannot generally be reduced to genes and that health may be a derivative of biological stability suggests a broadened scope of inquiry that may provide a richer understanding of the dynamic properties of the individual, including health, that emerge during the life cycle. The role of genetics in this broadened understanding shifts the focus of study to the influence of genetic variation on the relational order within and among the fields of agents of individual complex adaptive systems (Goodwin 1994a; Reilly et al. 1994 ). This relational order may also be influenced by age because of the dynamics of variation in internal conditions and external spatial contexts of individuals that occur during ontogeny (Zerba et al. 1996; Zerba and Sing 1993) .
In this paper, we report on the influence of the three common genotypes of the gene (ApoE) that codes for apolipoprotein E (ApoE) and age on the relational order within a field of five measures of lipid metabolism (ApoE, ApoB, total cholesterol, triglyceride and HDL cholesterol) in a sample of 1,876 individuals (979 females and 897 males) unselected for health status with ApoE genotype ε 32 , ε 33 or ε 43 , from the Rochester, MN population. The structural gene for ApoE is on chromosome 19 and is polymorphic with three common alleles in most populations (ε 2 , ε 3 , ε 4 ) that combine to produce six genotypes (Davignon et al. 1988) . The three genotypes used in this study are the most common ApoE genotypes in most populations. The ApoE polymorphism is one of the few examples where there is evidence of variability in the functional characteristics of the gene product among common allelic variations (Rall et al. 1982) . Many studies have established that allelic variation in the gene coding for ApoE makes an important contribution to the prediction of interindividual phenotypic differences in traits that are measures of agents involved in lipid metabolism (Davignon et al. 1988; Sing et al. 1992 ). On average, the less frequent ApoE ε 2 allele is associated with lower and the ε 4 allele with elevated plasma LDL-cholesterol levels compared with the most common ε 3 allele (Davignon et al. 1988; Sing and Davignon 1985; Xhignesse et al. 1991) . LDLcholesterol is among the most atherogenic of the lipoproteins and the ApoE polymorphism has been associated with the initiation and progression of CAD particularly for individuals carrying the ε 4 allele (Hixson and Pathobiological Determinants of Atherosclerosis in Youth (PDAY) Research Group 1991; Stengård et al. 1995) .
Most human studies have been presented as if the ApoE genotype and allelic effects on agents of lipid metabolism were independent of the effects of age (Zerba et al. 1996) . Plasma apolipoprotein and lipid levels, however, change with age in the population at large . Moreover, the relationships between ApoE genotypic and allelic variation and plasma levels of the ApoE gene product are dynamic with age (Reilly et al. 1990; Zerba et al. 1996) . In addition, variation among common genotypes of the ApoE polymorphism has a significant influence on the relationships among measures of lipid metabolism, including ApoE, in the population at large (Reilly et al. 1994 ). The potential, however, for the influence of ApoE genotypic variation on the interrelationships of plasma ApoE with other agents involved in lipid metabolism to change with age, is unexplored.
As simple measures of relational order, we estimated the Spearman's rank correlations among plasma levels of ApoE, ApoB, total cholesterol, triglyceride, and HDL cholesterol for each of the three common ApoE genotypes in a sample of individuals ranging in age from 5 to 90 years from the Rochester, MN population. We found for both genders that for each of the possible pairwise correlations, the influence of age on the correlations was significantly dependent on the common ApoE genotypes. We also found for both genders that the ε 32 -and ε 43 -specific age changes in the correlations were significantly different from those for the ε 33 genotype, except for two comparisons among these genotypes in the male subjects. These results have important implications for the development and application of therapeutic approaches to the treatment of human disease and our enhanced understanding of the role of genes in the dynamic actions of the complex adaptive systems that emerge as the phenotypes of human health.
Methods

Sample
Our study included 1,876 individuals, 979 female and 897 male, with a common ApoE genotype, measures of plasma ApoE, ApoB, total cholesterol, triglyceride, and HDL cholesterol level and age recorded at the time of sample collection. The sample sizes for the ApoE genotypes were 113 and 121 for ε 32 , 616 and 535 for ε 33 , and 250 and 241 for ε 43 , for female and male subjects, respectively. These individuals were sampled from three-and four-generation pedigrees ascertained through elementary school children of the Rochester, Minn. population as part of the Rochester Family Heart Study (RFHS: described by Moll et al. 1989; Turner et al. 1989) . These pedigrees are representative of multi-generation pedigrees from the Rochester, Minn. population at large.
Laboratory Measures
Blood samples were collected by venipuncture and put into EDTA. ApoE isoforms were determined by isoelectric focusing using the method described by Kamboh et al. (1988) . Since the isoforms correspond directly to differences at amino acid residue sites 112 and 158 (Rall et al. 1982) , we used the isoform typings to infer the ApoE genotype for each individual. Plasma ApoE and ApoB levels were measured by radioimmunoassay . Levels of total plasma cholesterol and triglyceride were measured by standard enzymatic methods. HDL cholesterol level was measured according to the procedure of Izzo et al. (1981) .
Statistical analyses
Plasma apolipoprotein and lipid levels were adjusted for laboratory assay date by linear regression (Kaprio et al. 1991 ) and the grand mean added back to the residuals. All subsequent analyses were conducted on female and male subjects separately, a necessity that has been established by the work of Reilly at al. (1991 Reilly at al. ( , 1994 .
Pearson product-moment correlations are sensitive to non-normal bivariate distributions. We tested each trait for deviations from univariate normality using the sample size transformed ShapiroWilk statistic (Royston 1982; Shapiro and Wilk 1965) , W, and the transformation of W. We found significant deviations from normality in all cases (Table 1) . Consequently, we used the non-parametric Spearman's rank correlation, ρ (Sokal and Rohlf 1981) , as the measure of the relationships among the plasma apolipoprotein and lipid levels.
We used a 30 year fixed-span sliding window to subsample the age range (Zerba et al. 1996) and obtain an estimate of the dynamics of relational order among the traits with age. The midpoints of adjacent windows differed by 1 year. All windows were symmetric about window midpoints such that midpoints of the windows at the ends of the age distribution were 15 years from the actual limits of the age distribution. For each age window and for each ApoE genotype, we estimated all possible Spearman's ρ between pairs of traits and total correlations. Total correlation was estimated as the sum of the absolute value of all of the correlations among trait pairs for a sample (Reilly et al. 1994) . Significance levels were set at α=0.05 for all tests of statistical significance.
The ApoE genotype-specific plots of the correlations with age were non-linear. Therefore, a series of non-parametric hierarchical generalized additive models (Hastie and Tibshirani 1986; Hastie and Tibshirani 1990 ) was used to examine the influence of age, ApoE genotype and their interaction on the correlations. The full model included the correlation in each age window as the depen- Hastie and Tibshirani 1990) on age window midpoint as the independent variables. The sliding window samples were not independent, however, the theory does not exist for the incorporation of such dependence among samples in generalized additive models. In loess regression the data are used to specify the form of the model by fitting a curve to the data points locally so that at any point the curve at that point depends only on the observations at that point and a specified span of neighboring points. The loess regression estimates result in a smoothing of the observed variability in ApoE genotype-specific correlations across age. The degree of smoothing is dependent on the proportion of the total of data points (span) used in the localized smoothing estimations.
The span we used for the loess regressions was based on the observed data sample rather than an automatic span selection algorithm. The sliding window algorithm described above, used to subsample the age range and estimate the correlations in each age window, is a type of data span selection algorithm similar to that used in a loess regression. This sliding window procedure is a fixed span on age, but a variable span on the number of individuals in each age window. We estimated the proportion of the total number of individuals in each gender sample for each age window. We then estimated the average proportion over all age windows for each gender separately. The average proportion for female subjects was 0.349 and that for male was 0.340. These proportions were the spans used for each gender in the loess regressions. The choice of span for the generalized additive model analyses, therefore, represents about the same span, on average, of the sliding window subsampling done on the original data.
Using dummy variables, we tested (1) for significant interactions between age and ApoE genotype on the variability in the correlations and (2) the equality of the loess regressions on age for each of the ε 32 and ε 43 genotypes with that of the ε 33 genotype by fitting reduced models without the appropriate interaction terms and comparing the sums of squares of the full with the respective reduced models in the context of the appropriate degrees of freedom for each model (Hastie and Tibshirani 1990) . The degrees of freedom for the loess regression parameter estimates were determined as described by Hastie and Tibshirani (1990) . The interactions between age and ApoE genotype were statistically significant for every correlation, (with two exceptions that were marginally significant (P<0.08); see below), so we did not explore the nature of the separate influence of age and ApoE genotype on the correlations.
We estimated the 95% pointwise confidence bands about the predicted correlations for each full generalized additive model (Hastie and Tibshirani 1990) . These confidence bands were estimated as pointwise rather than global simultaneous confidence bands since the latter for generalized additive models may be too conservative. Hastie and Tibshirani (1990) showed that under random resampling of data, most of the resulting estimated functional forms of the models were contained in the pointwise confidence bands of the original model. We also computed 1,000 bootstrap (Efron and Tibshirani 1993) estimates of the predicted loess regression relationships of the genotype-specific correlations with age by resampling the residuals with replacement from the full generalized additive model. For each bootstrap, these residuals were then added to the original predicted correlations to provide a new bootstrapped set of observed correlations. For each of these bootstrapped sets of observed correlations we then estimated the predicted genotype-specific loess regression lines.
Results
The laboratory assay date influence was small. R 2 x100 values for the linear date of assay adjustments were all less than 0.7. Descriptive statistics of the laboratory assay date adjusted plasma apolipoprotein and lipid values for female and male subjects are presented in Table 1 . All distributions were positively skewed and kurtotic. Triglyceride was extremely skewed and kurtotic. We observed significant deviations from univariate normality in all cases (Pr<0.001).
The correlations between traits for each gender sample are presented in Table 2 . All correlations were significantly different from zero except that for total cholesterol with ApoE and HDL cholesterol for male subjects.
The relationships between the ApoE genotype-specific correlations and age are presented in Fig. 1 . The relationships between the ApoE genotype-specific total correlations and age are presented in Fig. 2 . The estimates for female and male subjects are in the left and right columns of panels in each figure, respectively. The patterns of age change in the correlations appear distinct for each genotype and gender. The pointwise 95% confidence intervals for the genotype-specific loess regressions are narrowly confined around each predicted line (dashed black lines). These results are reinforced by the similar close relationships of the 1,000 bootstrap estimates of the loess regressions to each genotype-specific predicted line (gray masses of lines).
For each gender and each of the possible pairwise correlations and total correlation, (1) the generalized additive full model that included ApoE genotype and ApoE genotype-specific loess regressions of correlations on age fit significantly better than a model with only ApoE genotype and a common loess regression on age [variation among the three common ApoE genotypes had a significant impact on the influence of variability in age on the variability in the correlations (all Pr<0.0001)] and (2) eralized additive models that included ApoE genotype x age interactions were all greater than 0.90 whereas for males all but two R 2 values were ≥0.90, and those two were≥0.87. These results indicate that with two exceptions in the male subjects, age and common ApoE genotype are not independent predictors of variability in the correlations.
Total correlations were generally higher in the middle to older age windows (Fig. 2) , with the exception of the ε 32 genotype total correlation in males that peaked in the younger and oldest age windows, and the ε 33 correlation in females that increased with increasing age windows. In contrast, the lowest correlations for the other genotypes were observed in the youngest and oldest age windows. 
Discussion
Our study shows that the correlations among plasma levels of five measures of lipid metabolism and total correlations among the suite of measures are dynamic with age in a sample of individuals from the Rochester, Minn. population. The dynamic patterns of changes in these relationships with age were significantly influenced by variation among common genotypes of the ApoE gene polymorphism.
There were some similarities among the ApoE genotypes in the dynamics of age-related change in the some of the correlations, however, in all cases for female and in Fig. 1E-H all but two marginally significant cases in male subjects, the estimated statistical functional forms of these relationships for the ε 32 and ε 43 genotypes were significantly different from those for the ε 33 genotype. Moreover, the patterns of change in correlations with age reflected differences between genders in the peaks of the correlations.
We observed increases and decreases in magnitudes of correlations as well as changes in the signs of some of the correlations with age. All of these changes appeared nonlinearly with age. A decrease in the magnitude of the correlation could be interpreted as a potential indicator of decreased stability of biological relationships among a pair of lipid metabolism traits. This decreased stability could, in turn, be interpreted as a potential indicator of decreased health associated with senescence. Such a view is concordant with traditional views of health (Goldberger 1992) . The gender-specific peaks in total correlations that we observed in the middle to older age windows for most genotypes with lower total correlations in the youngest and oldest age windows, however, are in conflict with this interpretation. These results are supported by two other studies from this same population in which correlations among plasma levels of measures of lipid metabolism were generally higher in parents than in children (Nelson et al. 1999; Reilly et al. 1994) .
For each individual, lipid metabolism represents a domain of relational order that is in constant flux and involves thousands of simultaneous biochemical reactions. Our cross-sectional sample, however, only captures a single state of the plasma level of each of the measures of lipid metabolism studied for each individual. Each age window-ApoE genotype-gender-specific correlation thus only represents the correlation in distributions of possible states of plasma levels of a particular pair of measures of 472 Fig. 1I, J   Fig. 2 The relationships between the total correlations and age. Symbols for the ApoE genotypes, confidence bands about the regressions, predicted correlations, and bootstrap estimates of the loess regressions correlations are as described in Fig. 1 lipid metabolism for that particular subgroup of individuals. The usefulness of such a correlation from a cross-sectional sample is that it probably reflects, on average, the potential correlation of possible states of plasma levels of that pair of measures of lipid metabolism over time for any particular individual in that subgroup. The observed ApoE genotype-gender-specific dynamic patterns of changes in correlations with age reflect the dynamic changes in lipid metabolism relational order in response to age-associated environmental changes experienced, on average, by individuals in the Rochester, Minn. population.
Our results have implications for the development and application of therapeutic agents to treat CAD. For example, the atherogenic potential of LDL cholesterol is widely recognized. For years it has been a controversial issue as to whether triglyceride has significant atherogenic potential (Austin 1989 (Austin , 1991 Austin et al. 1998; NIH 1993) . Triglyceride, however, is now considered as having as great or greater atherogenic potential as that of LDL cholesterol (Krauss 1998) . In contrast, HDL cholesterol is generally considered as being protectively anti-atherogenic because of its involvement in reverse cholesterol transport. The general inverse relationship between plasma levels of triglyceride and HDL cholesterol is widely recognized, and there has been intense interest in the atherogenic nature of high plasma levels of LDL cholesterol and triglyceride particularly when high triglyceride levels coincide with low levels of HDL cholesterol (for example, Burchfiel et al. 1995; Deslypere and Jackson 1998; Lamarche et al. 1993; Manninen et al. 1992 ). Simultaneous pharmacological modulation of plasma triglyceride and HDL cholesterol levels to normal levels with the drug fenofibrate has been reported to be an effective therapeutic approach to treatment of dyslipidemic individuals (Chapman et al. 1998; Packard 1998) . Our results suggest that differences among individuals in common ApoE genotype in the strength of the correlation between plasma levels of triglyceride and HDL cholesterol with age ( Fig. 1J) , especially for females, may contribute to differences in the effectiveness of such therapy on individuals in the general population.
The rich patterns of changes in correlations with age that we observed suggests that it is naïve to focus on the relationships of just one or a few pairs of traits as measure(s) of general health, just as it is naïve to focus on one gene-one trait relationships as independent measures of health. Recognizing the interrelated nature of the vast array of agents of lipid metabolism as well as among other related domains of cardiovascular physiology, Davignon (1998) and Krauss (1998) also expressed this view in discussions on the development of rational avenues for management of the lipid levels in CAD. It is our view that we also simply know too little, at present, about the role of genetic variation in determining the non-linear dynamics of the biological relationships among measures of lipid metabolism in individual complex adaptive systems, and the ways in which changes in the relational order result in adaptive changes in the health of individuals in the general population during the life cycle. The high degree of predictability of the observed variability in the correlations between traits by the interactions between age and ApoE genotype, however, suggests that it may be possible to define each trait as a function of the other traits in the field of lipid metabolism, and to investigate the role of ApoE genotypes as parameters, sensu Webster and Goodwin (1996) , in physiological models of age-dependent changes in relational order among measures of lipid metabolism.
Our study shows that the influence of ApoE genotypic variation extends far beyond the levels of the gene product, to the dynamics of the relational order of measures of lipid metabolism with age. The challenge for future studies will be to examine the degree to which such influence is robust to additional DNA sequence variability that may underlie these common genotypes and the manner in which changes in relational order are reflective of the health of individuals in the population. Moreover, the cross-sectional nature of our study is only suggestive of the potential influence of genetic variation on the relational order among this suite of measures of lipid metabolism. Longitudinal studies of individuals are best suited to confirm these results and enhance our understanding of the role of genetic variability in the dynamic interactions between traits that occur in response to changes in exposures to environments distributed in time and ecological space (Zerba and Sing 1993) .
In summary, our study documents that variation in the ApoE gene has context-dependent effects on the relationships between measures of lipid metabolism in addition to the well-established invariant and context-genotypic effects on the levels of these same measures of health considered separately. These findings are consistent with the reality that neither genes nor environments, but their interactions, are the causes of interindividual variation in the behavior of the complex adaptive system of traits that determine variation in health in the population at large.
